Introduction
Many patients suffering from heart failure (HF) undergo multiple hospital admissions, and the readmission rate in the first 6 months can be as high as 45%. [1] [2] [3] Those with higher readmission rates have been termed high-impact users, sometimes defined as three or more emergency admissions within a year. 4 To improve their clinical viability, programmes to reduce readmission rate should be targeted at high-impact users. 5 The identification of high-impact users has been challenging. 6 Previous risk models to predict readmissions had various limitations. 7 They were developed on RCT populations and so were not representative of general patients with HF due to selection bias. Further, the impact of various social factors on the readmission rate has largely not been assessed, and most studies have merely evaluated the basic demographics like age, sex, ethnicity, and socio-economic status. 8 Previous models were derived to predict short-term risk of a single event (e.g. readmission or death within 30 days to 1 year) only and do not distinguish between patients with a set of readmissions at the end of life or other short-term crisis-in whom the rate soon returns to zero or near zero-and those whose high readmission rate is sustained, in part due to suboptimal management in hospital or in primary care. 9 An important unanswered question is whether the long-term high-impact users have distinct chronological causes of emergency readmissions compared with the other groups. 10 This is necessary to investigate the series of physiological processes leading to a decline in the health status of the high-risk patients and assess whether this chain can be prevented by simple measures in the community. In medicine, the sequence of events has an influence on prognosis. 11 For example, the diagnosis of HF following atrial fibrillation is associated with a higher mortality compared with diagnosis of atrial fibrillation after HF. 11 So far, we do not have any information on whether the causes and their sequences for readmissions differ in the subgroups of HF patients.
To our knowledge, this study is the first attempt to go beyond binary categories and classify HF patients into subgroups and identify high-impact users based on the long-term readmission rate. The study will also aim to understand the characteristics of high-impact users and the predictors associated with them. This will help us understand the common causes (primary diagnoses) of emergency readmissions and their distinct sequences in high-impact users in particular, with the aim of identifying common preventable chains of events to reduce readmission rates.
Methods Databases
Data were obtained from Clinical Practice Research Datalink (CPRD) linked to Hospital Episode Statistics (HES) and Office for National Statistics (ONS) deaths database. Clinical Practice Research Datalink is a large national primary care database with over 13 million enrolled patient medical records across the country and contains 8.5% of the patient population in England. 12 It includes information on demographics, referrals, tests, investigations, prescriptions, and medical diagnosis and procedural information for each consultation with the general practitioner (GP). Around 660 practices have volunteered in CPRD to share patient data.
Half of the general practices associated with CPRD are linked to HES data (non-English practices are not linked to HES, as other UK countries have their own HES-type databases that are not included in CPRD). Moreover, 95% of the HES data is linked to ONS data. 13 Hospital
Episode Statistics is the warehouse of patient administrative data covering all inpatient and day case stays in public National Hospital Service (NHS) hospitals in the country as well as information on private patients treated in these hospitals. 14 All diagnoses are recorded using International
Classification of Diseases (ICD-10), whilst the Office of Population, Census, and Survey version 4.7 (OPCS 4.7) coding is used for procedures. The fact and date of death are obtained from ONS. The primary conditions in ICD are well coded but it does not provide detailed information on the subtype of the diagnoses, such as, type of chronic renal failure or respiratory conditions. This is particular limitation of the use of administrative data.
Patients
Patients over the age of 18 with the first-time diagnosis of HF recorded between 1st April 2008 and 31st March 2009 who were identified through linked data were included in the study if they contributed to CPRD and allowed linkage to the other datasets. Medical codes recorded by GPs ('medcodes') were used to identify patients who were first documented to have HF in the community (Appendix); the ICD-10 code I50X was used to identify patients who were diagnosed with HF in hospital.
Earlier studies have shown that most of the diagnoses are well recorded in CPRD data by the General Practice staff. 12 All the patients were traced back 5 years to verify the absence of any earlier HF diagnosis, and to retrieve data on their past medical history, social, and management-related factors. Patients were followed up within the database for 5 years up to March 2014.
Statistical methods
Group-based trajectory modelling based on zero-inflated Poisson analysis was used to categorise patients into subgroups and to predict development of their trajectory pathways. 15 In order to determine the optimum number of the subgroups within a population, the best model was chosen based on the following criteria: smallest value of Bayesian Information Criteria (BIC), smallest value of Akaike Information Criteria (AIC), each trajectory with significant parameter estimates (P < 0.05), minimal 95% confidence interval, a higher value for average posterior probability (>0.70) for each subgroup, and a higher value (>5.0) for odds of correct classification. 15 The effect of covariates on the probability of belonging to the subgroup was modelled with multinomial logistic regression. The group with the lowest persistent readmission rate was labelled as 'lowimpact users' and used as a reference group in the regression. ANOVA analysis was used to the difference between the outcomes of two or more groups. Risk factors were identified from previous studies. The patient-based factors were age at diagnosis, sex, and past medical history recorded in the last 5 years preceding the diagnosis of HF. Age was grouped into categories 18-45, 45-54, 55-64, 65-74, 75-84, and 85þ. 10 The social and lifestyle factors included bereavement, marital, or relationship problems (separation, break-up, divorce, or cheating on a partner), history of smoking and heavy alcohol intake, previously found to correlate with the prognosis of HF. 8 For smokers, we distinguished between current and former.
Bereavement was defined as loss of any immediate family member. The management-based factors consisted of GP visits coded for monitoring of renal function, flu vaccination, measurement of blood pressure and exercise recommendation. Other factors included three or more emergency admissions for any reason vs. <2 admissions in the year preceding the diagnosis of HF, 16 annual GP visits (including out-of-hours) and out-ofhours GP visits in the year preceding the diagnosis of HF. Previous annual GP visits and annual out-of-hours GP visits did not have linear relationships with the high-impact users. Hence, they were categorised according to percentile ranges (<25th, 26-50th, 51-75th, and >75th percentiles).
The effect of HF diagnosed as an inpatient and history of use of medications for treatment of signs and symptoms of HF was also evaluated. Medication use for the management of signs and symptoms of HF included prescriptions for drugs like loop and thiazide diuretics, betablockers, angiotensin-converting-enzyme inhibitors, angiotensin II receptor antagonists, digoxin, and bumetanide. 17 The information on the social factors and management-based factors was obtained for the 5 years before the date of diagnosis of HF. The medcodes for social/lifestyle and management factors are listed in Appendix.
For validation of the identified high-impact user and significant predictors associated with them, the model was applied to a different cohort of HF patients who were diagnosed during the financial year from 1st April 2007 to 31st March 2008 .
The sequence analysis was conducted using TraMineR package (version 1.8-12) in R language statistical software. 18 
Results
The model categorised the HF population (n = 9466) into 5 subgroups, according to readmission rates: low-impact group, 2 intermediate groups, short-term high-impact and chronic high-impact groups ( Figure 1 ). Group 1 (66.5%) was considered low-impact group because it had persistently low readmission rates. Group 2 (14.5%)
Long-term readmission rates in HF patients showed constant intermediate readmission rates, whereas Group 3 started with a moderate annual readmission rate that steadily declined. Groups 4 and 5 had the highest readmission rate and were labelled as high-impact users. Group 4 (3.4%) were termed as shortterm high-impact because they had a rapid drop in the annual readmission rate after a very high readmission rate in their first year of follow-up. Group 5 (2.3%) were labelled as chronic high-impact, with a relatively steady high readmission rate with only a gradual decline during the follow-up period. The sensitivity and specificity of the model to detect chronic high-impact users was 81.3% and 98.8%, respectively. When the significant predictors associated with highimpact users were applied to the validation cohort of patients, the c statistic was 0.87. The risk factors associated with the high-impact users, Groups 4 and 5, are given in Tables 1 and 2 .
Overall, 9466 patients had a first-time diagnosis of HF in 2008-09. The mean age was 76.2 (SD 14.3) years and 4836 (51.1%) were women. In total, 73.8% (n = 6993) were diagnosed with HF as an inpatient in the hospital, and over half (n = 5833, 61.6%) presented with signs and symptoms of HF in the community. Commonly recorded pre-diagnosis comorbidities were hypertension (n = 4494, 33.5%), ischaemic heart disease (n = 3477, 36.7%), atrial fibrillation (n = 3174,
Table 1 Sociodemographic and past medical history associated with high-impact users compared with the low-impact users Risk factors
Low-impact, 
33.5%)
, diabetes (n = 1570, 16.5%), cardiac valvular disease (n = 1392, 14.7%), acute myocardial infarction (n = 1338, 14.1%), stroke (n = 1212, 12.8%), dementia (n = 908, 9.6%), obesity (n = 672, 7.1%), peripheral vascular disease (n = 586, 6.2%), and myocarditis/cardiomyopathy (n = 303, 3.2%).
The overall 5-year mortality was 53.8% (n = 5662). The all-cause 5-year mortality was highest in the short-term high-impact group (n = 185, 72.8%), followed by Group 2 (intermediate users) (n = 744, 58.8%), low-impact (n = 4244, 56.9%), chronic high-impact (n = 88, 37.6%), and Group 1 (intermediate users) (n = 401, 30.3%) (P < 0.01). Various outcomes for each group during the follow-up period are shown in Table 3 . The trajectories of out-of-hours GP visits among subgroups of HF patients are shown in Figure 2 .
Common causes of emergency admissions after the diagnosis of HF were HF (n = 1896, 21.5%), chest infection (n = 1293, 14.7%), myocardial infarction (n = 658, 7.5%), external injuries (n = 442, 5.0%), and atrial fibrillation (n = 434, 4.9%). The most common causes of admissions in all subgroups were HF, chest infection, and myocardial infarction. Short-term high-impact users had more admissions for cardio-respiratory signs and symptoms and ischaemic stroke ( Table 4) . The lasagne plot displays chronological order of healthcare service use by each group (Figure 3) . Each type of service use was colour coded. Similarly, the plot in Figure 4 shows cumulative frequencies of type of healthcare services used following first time diagnosis of HF. As noted earlier, chronic high-impact users had high readmission rates and short-term high-impact users had high mortality. The common sequences of the types of healthcare visits among short-term high-impact users were predominantly emergency hospital admissions resulting in death. The number of consecutive hospital admissions, elective, and emergency, was more common in chronic high-impact users. The frequency of transition from emergency GP visit to emergency hospital admission was higher among intermediate and high-impact users than with low-impact users. In total, 82.9% and 81.2% of the chronic high-impact users had elective hospital admission followed by emergency admission and vice versa, respectively. This was in contrast to 29 .9% and 25.5% among low-impact users, 
Table 4
Common distinct sequences of causes of emergency admissions associated with various subgroups in the patient population respectively. Similarly, Emergency GP visit followed by emergency hospital admission occurred in 40.2% of the chronic high-impact users, whereas, only 13.4% of the low-impact users had it.
Discussion
Based on annual readmission rates during a 5-year period, we divided patients into five subgroups, among which we importantly distinguished between chronic-and short-term high-impact users. Certain risk factors were strongly associated with all high-impact users, such as having a first-time diagnosis of HF as an inpatient in a hospital, older age and background of stroke, anaemia, myocardial infarction, atrial fibrillation, respiratory disease, and hypertension. During the followup period, the proportion of visits for bereavement episodes, relationship difficulties, and out-of-hours GP visits were significantly higher in high-impact users. They had a distinct set of sequences of emergency readmissions consisting mainly of cardio-pulmonary conditions. Short-term high-impact users had similar sequences of readmissions to those of chronic high-impact users but they had a higher mortality rate. These were the patients at the end of life pathway. The common causes of readmissions among high-impact users among HF were similar to those found in previous studies. 19, 20 During 18 months' follow-up, one-third of the HF patients had readmissions due to HF-related complications, another one-third were due to other cardio-vascular conditions, and the rest of the readmissions were due to non-cardiovascular conditions. However, our analysis goes beyond studies of single readmissions and found that the high-impact users had distinct sub-sequences of causes of readmissions, mainly respiratory tract infections, cardio-pulmonary signs and symptoms, and ischaemic heart disease.
Patient management might be improved with simple clinical tactics. Disease management programmes that have been shown to reduce overall and HF-related readmission rates in patients with different Figure 3 The sequence of healthcare visits in different subgroups of heart failure patients in the follow-up period.
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age groups and severity of HF can be targeted to chronic high-impact users to save resources. 21, 22 Enrolment of high-risk patients in proactive management programmes has been shown to reduce hospitalisation costs and improve quality of life in HF patients. 23 We found that the high-impact users had higher incidence of bereavement and relationship difficulties, which may have led to delays in seeking help for their medical condition. 23 These patients may get benefit from social services and regular primary care review to help them deal with problems in their personal life. Furthermore, those patients with multiple readmissions were mainly readmitted for selected conditions which can potentially be prevented in the community via interventions such as regular GP review, for secondary prevention of ischaemic heart disease and to prevent acute onset of HF with exercise recommendations, and compliance with HF medications. 24, 25 The new guidelines in the management of HF patients have also suggested regular flu vaccination as a part of lifestyle recommendations. 24 In the light of this study, two policy changes can likely improve the care of HF patients. The corresponding out-of-hours GP visits among subgroups match the trends in readmission rate, indicating that these patients repeatedly call for help in the community during out-ofhours. When the GP attends them, given their history of HF, they have a low threshold to refer them to hospital care. 26 Recent pointof-care devices have been developed for prompt measurement of troponin and inflammatory markers. 27 Further research is required to assess, if these devices can make decision making process easier for the GPs if they encounter a patient with cardio-pulmonary signs or symptoms. Secondly, most of these patients have multiple comorbidities requiring X-rays and blood tests before treating them. It may be that direct contact between cardio-vascular patients and the medical team in the hospital is required in case if they become unwell. This way the investigations are carried out in a shorter time span and treatment is started early. Certain factors have to be considered before interpreting the results from this study. Primary care data is obtained from 674 practices in the UK which are registered with CPRD. It is one of the largest linked primary care databases in the world, which provides a great opportunity to assess various hospital-and primary care-based factors as well as to evaluate long-term outcomes. Patients included in the CPRD data are representative of the UK population by age, sex, and ethnic group. 28 Clinical Practice Research Datalink is increasingly being used and has been validated for research in heart diseases. 29 The incorporation of the information from both primary and secondary care added predictive power to the model. One common problem with administrative but also many clinical databases is that some fields are prone to error, 30 but the coding has been shown to be sensitive and accurate in identifying the patient cohort and establishing the primary diagnosis. 12 Also, the study has only included readmission rate as an outcome as the focus of the study was to understand long- Figure 4 The proportion of type of healthcare visits during each consecutive health care use among subgroups of heart failure patients. Whilst, we attempted to assess all types of social events and their association with high-impact users, some social factors, e.g. patient was a carer or had a financial problem, were not commonly coded, and were therefore not included in the statistical model. In conclusion, high-impact users had distinct characteristics, patterns of readmission rate and sub-sequences of multiple readmissions. Chronic high-impact users were often not diagnosed in the community but later as an inpatient in the hospital. The challenge for the health service is to identify these patients early in the community and start them promptly on a HF management pathway that includes frequent review of their comorbidities related to cardio-pulmonary conditions. Early involvement of social services can improve care of these patients by providing holistic management and dealing with social and lifestyle issues. Our trajectory model could be used to identify short-term high-impact users who are terminally ill. Involvement of the palliative care community team will help avoid unnecessary hospital admissions and improve quality of life. 
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Appendix
Diagnosis of heart failure 'G58.00' 'G580.00' 'G580000' 'G580100' 'G580.11' 'G580.12' 'G580.13' 'G580.14' 'G580200' 'G580300' 'G580400' 'G581.00' 'G581000' 'G58.11' 'G581.11' 'G581.12' 'G581.13' 'G582.00' 'G583.00' 'G583.11' 'G584.00' 'G58z.00' 'G58z.11' 'G58z.12' 'G5yy900' 'G5yyA00'
Smoking
Current smoking status
